Co-expression networks are essential tools to infer biological associations between gene products and predict gene annotation. Global networks can be analyzed at the transcriptome wide scale or after querying them with a set of guide genes to capture the transcriptional landscape of a given pathway in a process named Pathway Level Correlation (PLC). A critical step in network construction remains the definition of gene co-expression. In the present work, we compared how Pearson Correlation Coefficient (PCC), Spearman Correlation Coefficient (SCC), their respective ranked values (Highest Reciprocal Rank (HRR)), Mutual Information (MI) and Partial Correlations (PC) performed on global networks and PLCs. This evaluation was conducted on the model plant Arabidopsis thaliana using microarray and differently pre-processed RNA-seq datasets. We particularly evaluated how dataset x distance measurement combinations performed in 5 PLCs corresponding to 4 well described plant metabolic pathways (phenylpropanoid, carbohydrate, fatty acid and terpene metabolisms) and the cytokinin signaling pathway. Our present work highlights how PCC ranked with HRR is better suited for global network construction and PLC with microarray and RNA-seq data than other distance methods, especially to cluster genes in partitions similar to biological subpathways. 11 Introduction 12
Assessing PLC quality: trade-off between GO term representation and guide genes
The PLC procedure is expected to cluster together guide genes with many co-expressed genes ('associated genes') and to reflect 144 the subpathway organization ( Figure 5A ). For PLC, we systematically removed all genes showing a degree value of 1 (i.e., 145 those connected to only one guide gene). However we included edges between associated genes if they were found among 146 edges retained at the selected threshold. Using five pathways (Table 1, Figure 5B , Supplementary Table 2 and Supplementary 147 Figure 3 online), we extracted five PLC from the global networks generated above to determine the best suitable dataset x 148 distance measurement combinations. All pathways have modular structures with gene sets forming specific sub-pathways (also 149 called partitions or modules). We expected that PLC would be able to reconstruct such a partitioning, by connecting guide 150 genes with associated genes. The phenylpropanoid pathway contains a core module composed of 3 genes leading to a precursor 151 used by 3 other distinct subpathways [16] [17] [18] [19] (Figure 5B , Table 1 , Supplementary Table 2 online). The three other metabolic 152 pathways, carbohydrates, fatty acids and terpenoids, were structured in modules as described on the KEGG database 20 (Table 1, 153 Supplementary Table 2 online). The fatty acid pathway contains 97 genes divided into 6 modules. The central carbohydrate 154 metabolism contains 202 genes partitioned in 8 modules. Finally, the terpene pathway has 64 genes partitioned into 6 modules.
155
Pathway organizations were used as indicated in the KEGG database (apart from phenylpropanoid pathway which was manually 156 curated from our previous work) and compared to PLC subnetworks. The plant cytokinin (CK) pathway is known to regulate 157 many processes in plant physiology and is hierarchically organized in three levels: a histidine kinase receptor, a transducer 158 (histidine phosphotransfer proteins) and a response regulator (type A/B/C) which may act as a transcription factor 21 (Table 1, 159 Supplementary Table 2 online). Although CK pathway members are relatively well known, each level is represented by several 160 members which may have specific roles and it is still unclear how they biologically interact with each other to drive a specific 161 physiological response. We expected that PLC would group some of these actors according to specific physiological responses.
162
CK pathway includes both transcription activating and repressing activities (via response regulators) and post-transcriptional 163 (phosphorylations) and would therefore be an excellent test of PLC applicability on associations expected to be more complex 164 than in metabolic pathways. In addition, we included other histidine kinases integrating other signals and known to crosstalk 165 with the CK pathway 22 . We therefore included 2 ethylene receptors, ETR1 and ERS1 to determine whether they could be 166 clustered with CK histidine kinase. The initial pathway was not partitioned into sub-pathways but rather into 5 levels ( were partitioned into communities with a fast greedy algorithm designed to maximize network modularity and which has been 171 shown to extract relevant communities from large networks 23 . We compared guide gene distribution in these communities to 172 target subpathways using a normalized Chi 2 test which values range from 0 to 1, 1 being the expected partition and 0 a random 173 partition of guide genes or very few guide genes ( Figure 5A ). All networks having a Chi 2 p-value>0.05 were considered to 174 have a Chi 2 statistic equal to 0. PLC performance in recovering GO terms was evaluated by counting significantly enriched 175 GO terms and by calculating a NV AUROC for each network. A good PLC was expected to contain a large number of guide genes and to have both a good score in grouping them into expected partitions (high normalized Chi 2 value) and a good score in overall biologically relevant edge recovery (NV AUROC>0.6). We first analyzed correlations between all these metrics (NV AUROC, number of guide genes and Chi 2 statistic) together with two topological metrics (mean node degree and 4/19 modularity), for each pathway separately ( Figure 5B ). Strongest correlations were observed between NV AUROC and mean node degree (rho>0.5, pe<0.001) and between modularity and normalized Chi 2 (rho>0.59, p<0.001). We found that PLC 181 performance (NV AUROC) was almost negatively correlated with normalized Chi 2 (rho<-0.2) indicating that guide genes were 182 clustered correctly at the expense of capturing GO associated gene pairs. Given the CK pathway structure, partitioning based 183 on protein functions (receptor, transducer or response regulator) did not resulted in high Chi 2 values, suggesting that partitions 184 in the co-expression networks contained guide genes from different levels, reinforcing the existence of specific sub-pathways.
185
These results indicated a trade-off in PLC between edge quality and guide gene partitioning. A visual examination of PLC 186 with either lower modularity and higher NV AUROC ( Figure 5D ) or higher modularity and lower NV AUROC ( Figure 5E ) 187 revealed that PLC with higher modularity as well as higher Chi 2 values displayed a biologically relevant organization. Such 188 subgraphs had generally a lower average node degree and a higher representation of guide genes rendering their analysis 189 more convenient. Taking the phenylpropanoid pathway as an example, the PCC-HRR based TPM network ( Figure 5E , with a 190 higher modularity) correctly clustered genes from the core phenylpropanoid (PP) and the flavonoid modules while the raw 191 PCC network did not ( Figure 5D , with a higher NV AUROC). Similar results were observed with the four other pathways with 192 either microarray or RNA-seq datasets ( Supplementary Figure 3 online) . Modularity and normalized Chi 2 could therefore 193 be considered as consistent quality metrics for PLC. NV AUROC should also be considered to ensure that subgraphs had a 194 minimum predictability (>0.55).
195

HRR-CCs optimize recovery and clustering of guide genes in PLC 196
The best performing dataset x distance measurement combinations were searched by analyzing NV AUROC, modularity and S5 Fig   Figure 1 . Workflow for global and targeted network analyses. One microarray dataset and a RNA-seq dataset prepared according to 7 normalization procedures were used to generate eight expression matrices analyzed with six different distance measurements (Pearson's or Spearman's Correlation Coefficient, unranked or ranked with HRR, Mutual Information (MI) or Partial Correlations (PC)) to obtain 48 distance matrices. Each of these matrices was thresholded to obtain global networks at different confidence thresholds. Global networks were evaluated and also queried with specific guide gene sets reflecting 5 different pathways in a process named Pathway Level Correlation (PLC). The resulting subnetworks were evaluated and used to construct co-ocurrence networks between microarray and RNA-seq datasets. In white are indicated the figures corresponding to the different steps analyzed. Dataset x distance combinations are indicated in blue and characteristics that are improved by these combinations. 
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Co-expression networks
Reference annotation dataset with genes (letters) associated to labels (L+number)
Filtered to remove labels with few genes (eg 1) or too many genes (eg 20) collect all FPR/TPR collect all AUROCs Figure 2 . Network performance. This small example describe strategies to evaluate networks according to a reference functional annotation. Co-expression networks were obtained for each dataset x distance measurement combination (Figure 1 ) at different confidence thresholds, resulting in networks increasing in size with lower stringency. A total evaluation was made with True Positive Rate (TPR) vs False Positive Rate (FPR) analysis (left panel) by classifying edges as True positives (TP), False Positives (FP), False Negatives (FN) or True Negatives (TN). Single network evaluation was performed by calculating AUROCs with the EGAD R package, either as a global prediction or using a neighbor voting (NV) algorithm with a 3-fold cross validation (right panel). All indicated values are in accordance with the small networks in this example. In addition to these 3 evaluations (FPR vs TPR, global AUROC and NV AUROC), GO term significant enrichment was statistically tested with a hypergeometric distribution (not shown in this example). Two PLCs (one with a good partitioning (center); one with a weak partitioning (right)) are shown here but the contingency matrix used in Chi 2 calculations is described for only one of them (center). (B) Pair plot showing correlations (Spearman's rho, asterisks show significance p<0.001, upper panel) and scatterplots (lower panel) between average network node degree, NV AUROC, normalized Chi 2 , modularity and the number of guide genes in the network. Each point in the lower panels (scatterplots) represent one network for which 2 characteristics (eg NV AUROC and modularity) are compared. Data are presented for each pathway separately with a specific color. (C) The expected partitioning of phenylpropanoid related guide genes was compared to two PLC: (D) higher predictability and lower modularity (microarrays raw PCC) and (E) lower predictability and higher modularity (microarrays PCC-HRR). In D and E, colored vertices correspond to genes encoding enzymes catalyzing steps of similar color in C. Community (surrounded by grey polygons) numbers in E are indicated in deep blue and can be used to access Supplementary Table 3 online.
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A B C D Figure 6 . PLC subnetwork performance. Performance in capturing GO terms (NV AUROC), modularity and normalized Chi 2 value distribution in interactions between datasets and ranking methods (A) and between distance measurement and ranking methods (B) showing the dominant effect of the ranking procedure (raw vs HRR) on these metrics. (C) Modularity and NV AUROC of the five top NV AUROC networks and 5 top modularity networks. (D) Normalized Chi 2 statistic and NV AUROC for the same networks.
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B C D A E F Figure 7 . Characteristics of co-occurrence networks between microarrays and RNA-seq TPM. Percentage of guide genes (GG; A), modularity (B), normalized Chi 2 statistic (agreement with guide gene partitioning, C) and NV AUROC (GO term performance, D) were averaged over the 5 PLCs. Labels are ordered according to a hierarchical clustering. Co-occurrence networks obtained from phenylpropanoid PLC obtained with MI (E) or PCC-HRR (F). GG corresponds to guide gene number in the networks. Community numbers in F are indicated in deep blue and can be used to access Supplementary Table 4 online.
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